ABSTRACT: Cellular functions are performed through protein−protein interactions; therefore, identification of these interactions is crucial for understanding biological processes. Recent studies suggest that knowledgebased approaches are more useful than "blind" docking for modeling at large scales. However, a caveat of knowledge-based approaches is that they treat molecules as rigid structures. The Protein Data Bank (PDB) offers a wealth of conformations. Here, we exploited an ensemble of the conformations in predictions by a knowledge-based method, PRISM. We tested "difficult" cases in a docking-benchmark data set, where the unbound and bound protein forms are structurally different. Considering alternative conformations for each protein, the percentage of successfully predicted interactions increased from ∼26 to 66%, and 57% of the interactions were successfully predicted in an "unbiased" scenario, in which data related to the bound forms were not utilized. If the appropriate conformation, or relevant template interface, is unavailable in the PDB, PRISM could not predict the interaction successfully. The pace of the growth of the PDB promises a rapid increase of ensemble conformations emphasizing the merit of such knowledge-based ensemble strategies for higher success rates in protein−protein interaction predictions on an interactome scale. We constructed the structural network of ERK interacting proteins as a case study.
■ INTRODUCTION
Biological processes take place through protein−protein interactions (PPIs). They are crucially important for cellular function, regulation and signaling. Following the Human Genome Project, high-throughput studies have become popular and PPIs have also been investigated on large scales. Proteomelevel studies elucidate cellular functions, 1,2 regulation, 3,4 disease mechanisms, 5, 6 conservation through evolution, 7−9 drug discovery 10 and drug side-effects. 11, 12 A key first step in such studies is determining the PPIs. PPIs on large scales are identified by experimental techniques like the yeast two-hybrid system, 13 phage display, 14 protein arrays, 15 and affinity purification. 16 The output of these experiments can include false negatives and false positives. 17−20 Experimental structural techniques offer more reliable data. The structures of interacting proteins illustrate not only that they interact, but also how they interact. X-ray crystallography, 21 nuclear magnetic resonance (NMR) spectroscopy, 22 cryo-electron microscopy (Cryo-EM) 23 and small-angle X-ray scattering (SAXS) 24 provide the 3-dimensional (3D) architectures of the proteins and their interactions, and high resolution structures are available in the PDB. 25 The number of structures in the PDB grows exponentially; there are more than 89 000 structures as of March 2013, and more than a quarter of them have been added after 2009.
Computational approaches can assist experiments in verifying results and in predicting new interactions; in addition, they are cheaper and faster. They can be classified into two categories: "blind" docking and knowledge-based methods. Blind docking methods 26−29 search for the "best" (i.e., native) bound state by considering a large number of possible structural combinations of query proteins. They are computationally expensive. Further, in the absence of biological, functional knowledge that the proteins interact and some data on the interaction site, their predictions may not be reliable. This is because there will always be some favorable modes for any two proteins to interact. Blind docking is impractical for large-scale studies, particularly if new interactions are sought, where no data are available on whether the proteins interact. Knowledge-based methods 30−35 may fare better: they are based on the notion that motifs recur in nature. 35−39 They compare the surfaces of query proteins with known protein−protein structures of interacting protein pairs. Since there are fewer templates (derived from known protein interactions), the process is faster and more affordable and thus applicable on large-scale. Knowledge-based methods are appropriate techniques to construct interactome-scale structural networks. Even though the PDB covers a limited number of protein−protein interactions, a systematic large scale study 40 showed that templates are available to model complexes of structurally characterized proteins. However, on the down side, knowledge-based approaches typically consider the structures as rigid bodies, even though proteins are flexible 41−44 and their preferred conformational states are expected to change with the environment. Neighboring molecules, atoms, or ions can redistribute their ensembles; 45, 46 this redistribution is dynamic 47−51 and is reflected in the observed protein structures. Binding, post-translational modifications, changes in ligand concentration, pH and ionic strength of the medium will affect the conformational distribution. The ensembles confer on the protein the ability to function. 49−51 The bound forms of the proteins can be obtained from the unbound forms in in silico experiments; 52 however, protein flexibility and conformational changes upon binding are mostly ignored in large scale knowledge-based methods. This limits the capability and success in prediction and, therefore, the construction of the structural network.
In principle, different conformations of proteins can be considered by knowledge-based methods, and this can be expected to improve the predictions. The PDB offers many protein structures including different conformations of the same protein. These conformations may include bound, unbound or any alternative forms (e.g., following allosteric post-translational modifications, or bound to different ligands) of the proteins, which can be utilized. The collection of all available structures of a protein provides a subset of the repertoire of its conformations under different conditions and can constitute the input rather than a single structure. These conformations would help to more reliably figure out whether the proteins interact and how they interact, and identifying binary protein interactions is the first step in the construction of the structural network. We tested a motif-based protein interaction prediction tool, Protein Interactions by Structural Matching (PRISM), 33, 35, 53 on a docking benchmark data set, 54 to see if providing different conformations of proteins would indeed increase PRISM's capability to detect interactions. As we have shown earlier, if the structures are available and the proteins are known to play a role in the same pathway, PRISM can successfully predict if two proteins in these interact (76 and 78% accuracies in the ubiquitination 55 and apoptosis 56 pathways, respectively). We also demonstrated that it can be used to construct structural networks. 57, 58 This knowledgebased tool can successfully predict the "easy" cases of the docking benchmark data set; 59 thus, in this study we targeted the "difficult" cases toward proteome applications. We found the alternative structures of a protein through sequence homology and structural alignment. If two PDB entries of the same protein have different structures, they are included as different molecules in the target set. The interactions between the two proteins are predicted and compared with the bound state given in the benchmark data set. The success of the prediction is assessed by the global energy values of the predicted complex and by IS-score, 60 which shows the structural similarity between the predicted molecule and the bound state of the proteins. As a case study we constructed the structural network of the extracellular signal-regulated kinases (ERK) interactions and show that considering alternative conformations of the query proteins improve the modeled structural network.
■ MATERIALS AND METHODS
In this section, we first describe PRISM and then the method used to find different conformations of the proteins together with the data set.
Protein Interactions by Structural Matching (PRISM)
The flowchart of PRISM is illustrated in Figure 1 (flow through blue boxes; steps 1−4) and explained below. PRISM was implemented in Python and runs in a UNIX environment. Details on how to run PRISM were given earlier. 35 The PRISM source codes and external programs can be downloadable at http://prism.ccbb.ku.edu.tr/prism_protocol/. First, external programs, FASTA version 35, 61 NACCESS, 62 MultiProt 63 and FiberDock, 64 need to be installed. The user enters target protein names in the file named "PDB.list" in "PRISM_protocol/ 0-SurfaceExtraction" directory, and the PDB files are downloaded from the PDB Web page (http://www.pdb.org). Surfaces of target proteins are extracted using the script, and output files are copied to the structural matching directory, "PRISM_protocol/1-Prediction". There, the user selects template interfaces. We used all template interfaces in this study. Structural matching between target protein surfaces and template interfaces is done using the script. Transformation of the structures and filtering are done in "PRISM_protocol/2-DistanceCalculation" directory. At the last step, flexible refinement and energy calculation are done in directory "PRISM_- Step 0: Template data set organization; step 1: surface extraction of target proteins; step 2: structural alignment of target surfaces with template interfaces; step 3: elimination of clashing structures; step 4: flexible refinement. protocol/6-FiberDock". When PRISM run is complete, structures of predictions and their energies are reachable in "FIBERDOCK_Structures" and "ENERGIES" directories, respectively.
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Template Data Set Organization of PRISM
The template data set includes a nonredundant set of protein− protein interface structures. 38 Interfaces of all two pair interactions in the PDB were extracted (Figure 1, step 0) . Interfaces consist of "contacting" and "nearby" residues. If two residues from each interacting protein are close enough, they are labeled as contacting residues. The cutoff value is the sum of the van der Waals radii of the heavy atoms plus 0.5 Å. The nearby residues constitute the scaffold of an interface. They are the neighboring residues whose Cα atoms are at most 6.0 Å away from the Cα atom of a contacting residue. Interfaces are structurally clustered to obtain a nonredundant set. Each cluster has members that are structurally similar to the representative interface of the cluster. Computational hotspots of representative interfaces are found via the Web server, HotPoint. 65 Target Data Set of PRISM Query proteins among whose interactions are to be searched constitute the target set ( Figure 1 ). These can be assembled by the user.
Prediction Algorithm of PRISM
First, the surfaces of the target proteins are extracted using the NACCESS program ( Figure 1, step 1) . 62 Then, PRISM checks the structural similarity between target surfaces and template interfaces. Structural similarity is searched via alignment of target surfaces onto template interfaces using MultiProt 63 ( Figure 1, step 2) . If a target surface is structurally similar to one side of a template interface and another target surface is structurally similar to the complementary side, these two target structures may interact. To guarantee a proper match between a target surface and a template interface in the alignment, PRISM checks if the matched residues from the two sides are against each other and if at least one residue of the target surface matches with a hotspot of the template interface. The candidate protein complexes are next physically and biologically evaluated. Clashes between residues of the two structures are counted ( Figure 1, step 3) . If there are ≥5 clashes among alphacarbons, the candidate complex is discarded. After that, flexible refinement and energy calculation are done using FiberDock 64 ( Figure 1, step 4) . Side-chains of the structures are oriented to have a more favorable state. Hydrogen atoms are also considered in this process. The backbones of the structures can be slightly reoriented in this refinement step. Finally, the global energy of the candidate complex is calculated. Complexes with energy lower than the threshold value are considered as biologically meaningful, i.e., that these proteins interact. PRISM gives the atomic coordinates of the potentially interacting proteins.
Enlarging the Target Data Set Using Different Conformations
Different conformations of target proteins are found in the PDB. First, chains of structures which have the same sequence as the query protein are detected ( Figure 2B) . 100% (and then 95%) FASTA sequence homology between the molecules is considered. Then, the molecular structures are compared using MultiProt 63 ( Figure 2C ). If MultiProt matches the candidate structure with less than 90% of the query structure and the root-mean-square-deviation (RMSD) value between the matched residues of the two structures is more than 2.0 Å, the candidate structure is considered as a different conformation of the query protein. Different conformations of the target proteins are added to the target set ( Figure 2D ), and PRISM is run with the enlarged target set to test if the prediction improves.
Docking Benchmark Data Set and Prediction with PRISM
We tested the method on difficult cases of a docking benchmark data set. 54 The benchmark set provides the bound state of the two given molecules in each case. In some cases, structures are multimeric and there is more than one binary interaction. In these cases (cases 1, 2, 11, 12 and 18), each binary interaction was considered separately. A list of all interactions studied for 30 difficult cases is given in Table S1 (Supporting Information). The structural difference between the bound and unbound forms determines the case-type of the interaction: difficult cases of the benchmark data set include structures with interface root-mean-square distance (iRMSD) larger than 2.2 Å. 54 Figures 3 and 4 provide examples of allostery 66 and the conformational changes upon binding. First, PRISM was run with the target set containing only the two molecules from the benchmark to predict their bound state ( Figure 5A ). Second, different conformations of the two molecules were found (Table S2 , Supporting Information; more than one chain name indicates that the molecule is similar to each chain) and added to the target set ( Figure 2 ). Then, PRISM was run with the enlarged target set (where this is repeated for each case in the docking benchmark) ( Figure 5B ). The energy value cutoff, −10 kJ/mol, was used to determine favorable predictions. Table S3 (Supporting Information) provides the FiberDock energies of the bound forms for the benchmark data set. All interfaces except 2hmiCB and 1h1vAG (28 out of 30 interactions) have low energies (below −10 kJ/ mol). On the basis of our previous studies, 35, 55, 56, 58, 67 we set the cutoff value as −10 kJ/mol. The success of a prediction was evaluated on the basis of IS-score, 60 which is a metric to evaluate protein−protein interaction predictions. The IS-score does not consider the equivalence of target and template residues, 60 unlike the critical assessment of predicted interactions (CAPRI) criteria, 68 which are based on RMSD and native contact fractions. These could present problems because PDB structures may lack residues or domains (because of, e.g., conformational disorder), and alternative conformations of the query proteins may differ in length. Predicted models are considered as "near native" if the IS-score is >0.17, "acceptable" if the IS-score is between 0.12 and 0.17, and "incorrect" if the IS-score is <0.12. We also presented the native (f nat ) and the non-native (f non-nat ) contact fractions: f nat is the number of contacts correctly predicted divided by the number of the native contacts, and f non-nat is the number of contacts incorrectly predicted divided by the number of the predicted contacts. ISscore detects substructure similarity and characterizes the similarity of the interfaces of the complex. The alignment exploits iAlign, 31 and IS-score compares only matched residues. Zero contact value indicates the model and the native complex have no good match and the model is incorrect. In addition, we present the performance of PRISM as the ratio of successful predictions, which were evaluated by IS-score (IS-score >0.12), to the energetically favorable PRISM predictions (energy < −10 kJ/mol). The percentage of favorable predictions of PRISM that successfully match the bound forms is given for the benchmark data set.
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Eliminating Bias by Discarding Information on the Bound Form
Bound forms of the proteins exist in the PDB. These forms can appear as alternative structures of the unbound forms or the template interface. For example, in interaction 14, the bound form given in the benchmark data set is 1ibrAB. 1ibrA and 1ibrC are found as alternative structures of the unbound form 1qg4A, and 1ibrB is for 1f59A (Table S2 , Supporting Information). Moreover, the template 1ibrAB is used to predict this interaction. To eliminate bias, the bound forms were discarded from the target and template data sets ( Figure 6 ). First, PDB entries of the bound forms were discarded from the PDB list; then alternative forms were found. These new alternative target structures are given in Table S4 (Supporting  Information) . Second, if a template interface was the interface of a bound form, another interface from the same template cluster was chosen as the representative. If the template cluster had no other member, this template was eliminated. The changes in the template organization are shown in Table S5 (Supporting Information). Since the bound forms are given also as the unbound forms in cases 2i (molecule: 2hmiC) and 2ii (molecule: 2hmiD) in the benchmark data set, these cases were not considered, and the remaining 28 interactions were processed under this scenario. 
■ RESULTS AND DISCUSSION
We obtained two sets of predictions. First, PRISM was run with a "standard" target set of given unbound structures ( Figure 5A ), one conformation for each molecule. Then, the target set was enlarged with the different conformations of the unbound forms of each protein available in the PDB (Table S2 , Supporting Information, Figures 2 and 5B). The first target set had two conformations (a size of 2) in all cases, and on average the enlarged target sets had a size of 8.87, and the median value was 6.50, which did not affect considerably the computation process. Using standard target sets, 9 out of 30 difficult interactions were predicted as energetically favorable (−10 kJ/mol cutoff value; Table S6 , Supporting Information). In the second set, when the target sets were enlarged with the different conformations of the given unbound structures, 7 of these 9 interactions were better predicted, with lower global energy values (interactions 2i, 11i, 11ii, 12i, 16, 18ii and 19 ). Energetically favorable predictions (an increase from 9 to 24) were obtained for additional interactions when enlarged target sets were used (Table S6 , Supporting Information). We note that energetically favorable models do not necessarily correspond to the native complex structures of the benchmark. Energetically favorable interactions together with their templates are given in Table S7a ,b (Supporting Information). If the chain is specified, the interacting molecule is the monomer; otherwise, it is the whole structure. If more than one chain is listed, the chains are structurally similar. IS-scores and contact fractions of the predictions obtained using alternative conformations are provided in Table 1 (Table S8 , Supporting Information, shows the results of predictions obtained using the standard target set). As to IS-scores, among the predictions obtained using standard target sets, 7 cases were near native, 1 case was acceptable, and 1 case was incorrect (Table S8 , Supporting Information), and among predictions obtained using enlarged target sets, 18 cases were near native and 6 cases were incorrect (Table 1) . When we eliminated incorrect predictions, we had 8 successful predictions with the standard Figure 6 . Prediction using or not using the structures of bound forms. The benchmark data set gives the unbound and the bound forms of the molecules. Different color tones represent different conformations of proteins shown in green and blue. The green-cyan template represents the interface of the bound forms. We followed two scenarios in PRISM predictions. (A) First, we found alternative conformations from all PDB structures and run PRISM using all templates. (B) Second, we eliminated bound forms from the PDB structures and then found alternative conformations. In addition, if a template interface was the interface of a bound form, another interface from the same template cluster was chosen as the representative. If the template cluster had no other member, this template was eliminated. target set and 18 with the enlarged set. In addition, if a different prediction was obtained when the enlarged target set was used, the prediction had a higher IS-score. PRISM was also run without using the data of the bound forms in the benchmark data set to eliminate any bias. The results of this scenario (see Materials and Methods, "Eliminating Bias by Discarding Information on the Bound Form") are given in Table S9 (Supporting Information). Enlarging the target set by including alternative conformations increased the number of energetically favorable predictions from 6 to 21 out of 28 interactions (5 of these 6 were predicted better, with lower global energy), with the cutoff energy set at −10 kJ/mol. Favorable interactions together with their templates and global energy values are listed in Table S10a ,b (Supporting Information). IS-scores and contact fractions are provided in Table S11a ,b (Supporting Information). According to the IS-scores classifications, all 6 predictions obtained using standard target sets were near native, and among predictions using enlarged target sets, 14 cases were near native and 7 cases were incorrect. When we eliminated incorrect predictions, there were 6 successful predictions with the standard target set and 14 with the enlarged set. In addition, higher IS-scores were obtained (except for case 16 with better energy but lower ISscore) for predictions with the enlarged target set.
95% Sequence Homology Was Used to Enlarge the Target Set More
Up to here, we considered 100% sequence homology for alternative conformations from the PDB. Analysis of the sequence homology between unbound and bound forms given in the benchmark data set illustrates that some are not 100% similar (Table S12 , Supporting Information). However, reducing sequence homology much below 100% can lead to picking different proteins. We reduced this value to 95% for cases that we could not obtain successful predictions (for 16 interactions: 1ii, 2i, 2ii, 3, 4, 6, 7, 10, 14, 17, 18i, 20, 22, 23, 24, and 25; for cases 4, 14, 18i and 20, unsuccessful results were obtained when bound data was eliminated from the template and target sets; therefore, we added these to this list) to enlarge the target set. We used the same criteria to identify structurally different conformations as described in Materials and Methods, "Enlarging the Target Data Set Using Different Conformations". These additional alternative conformations are given in Table S13 (Supporting Information) (more than one chain name indicates that the molecule is similar to each chain). No additional conformations were detected for the unbound forms of cases 7, 10, 22, 23, and 24. Although additional favorable predictions were obtained for cases 1ii, 2i, 2ii, 3, 4, 17, 20, and 25 by using these conformations (Table S14 , Supporting Information), only successful results were obtained for cases 1ii, 3 and 14 (IS-score >0.12). Energy values, IS-scores and contact fractions are given in Table S15 (Supporting Information).
To enlarge the target sets, we also tested 90 and 85% sequence homology. Lower sequence homology yields more structures; however, it increases the risk of picking a different protein. For target sets enlarged with 90% sequence homology, we tested all templates. Because of computational cost, for target sets enlarged with 85% sequence homology, we tested templates that successfully matched target proteins found with higher sequence homology. At 95% sequence homology, successful results were obtained for 3 cases; the 90 and 85% sequence homology cases failed to give additional successful predictions (data not shown). 95% sequence homology covers sequence difference between unbound and bound forms in the benchmark data set, where the lowest sequence similarity is 98.8% (Table S12 , Supporting Information). Therefore, we consider 95% sequence homology as appropriate to further enlarge the target set.
When we could use the structures of bound forms, the success was 18 out of 30 difficult interactions at 100% sequence homology, and considering additional successful results of cases 1ii and 3 increased the number to 20. When we did not use the data of the bound forms (see Materials and Methods, "Eliminating Bias by Discarding Information on the Bound Form"), the success was 14 out of 28 difficult interactions at 100% sequence homology, and considering additional successful results of cases 1ii and 14, it increased to 16. The final success rates are given in Table 2 . We also present the ratio of successfully predicted results vs favorable predictions in Table 3 , which indicates the percentage of predictions that successfully match the bound forms in the benchmark data set. When the standard target set was used together with the standard or modified template set, almost all predictions (except one obtained with the standard target and template sets) matched with the bound forms in the benchmark data set. When the target set was enlarged with alternative conformations, more than 76% of the favorable predictions matched the bound forms following both scenarios. Figure 7 presents the distribution of the predictions based on their energies and ISscores. Predictions with relatively lower energies can have low or high IS-scores; predictions with relatively higher energies have high IS-scores. Predictions with favorable energies but low IS-scores (red triangles) might correspond to alternative binding modes of the proteins. The benchmark offers favorable (Table S16 , Supporting Information). Default parameters, interface area, interface area ratio and areabased amino acid composition, were used in NOXclass evaluations; cutoff value was chosen as 0.5 in the DiMoVo as indicated there; the EPPIC server directly indicates if the interface is biological or the outcome of crystal packing. NOXclass evaluated 13 interactions, DiMoVo evaluated 2 interactions, and EPPIC evaluated 5 out of 18 interactions as biological. Two interactions were evaluated as biological by all three tools and 13 interactions by at least one tool. Machine learning tools depend on their training data sets; however, evaluation of some interactions as biological indicates that these interactions might be biological, although structurally they are not similar to the bound forms given in the benchmark data set.
Case Study: ERK Interactions
We tested this method on the extracellular signal-regulated kinases (ERK) interactions. In the KEGG database, 72 interactions among the proteins ERK, MEK1, MEK2, MP1, RSK2 and Mnk1/2 are given as in Figure 8 . In this "classical" Figure 7 . Distribution of predictions based on energy and IS-score. Red triangles show incorrect predictions (IS-score <0.12). Green square represents acceptable prediction (0.12 < IS-score < 0.17). Blue diamonds show near native predictions (IS-score >0.17). They are distributed in a triangle profile where predictions with higher energies do not have low IS-scores. We should note that the predictions with favorable energies but low IS-scores (red triangles) might correspond to alternative binding modes of the proteins. edge-and-node representation, nodes are the proteins and edges are the interactions (Figures 8 and 9A ). This protein− protein interaction network provides information related to which proteins interact but not how they interact. Figure 9A presents, as example, MEK1 and MEK2 interact with ERK; however, it is unclear whether these two proteins can (or cannot) interact with ERK simultaneously to form a trimer. In contrast, structural data provide the contacting residues and the interfaces of the interacting proteins, which allow distinguishing between distinct and overlapping protein−protein interactions. 57 Panchenko's group has also shown that the structurally inferred interaction network is more functionally coherent. 73 We constructed the structural network of the ERK interactions, first using one conformation of each protein ( Figure 9B ), and then including alternative conformations ( Figure 9C ). Interacting conformations are represented by an edge, and binding sites are shown by small rectangles on the nodes. 74 As we show below, considering alternative conformations can improve the network. Alternative conformations were found in the PDB using 100% sequence homology. PDB IDs of the conformations are given in Table S17 (Supporting Information). The best results with respect to their energy values for the query proteins and their conformations are shown in Table S18a ,b (Supporting Information) (if the chain name is not indicated, it is the whole structure). In the first case, 5 predictions were obtained, and 4 of them were energetically favorable when the cutoff energy value was −10 kJ/mol ( Figure 9B , Table S18a , Supporting Information). One of these was between MEK1 and MEK2, shown in Figure 10A . However, in the second case, 7
interactions were predicted, all favorable, and better results (with lower energy values) were obtained for the previous predictions ( Figure 9C , Table S18b , Supporting Information). For example, the energy of MEK1−MEK2 interaction prediction decreased from −23.84 to −78.99 kJ/mol, when a different conformation (PDB ID 3e8n instead of 3eqc) of MEK1 was utilized. Compared to the previous conformation of MEK1, this conformation is a better complementary structure to MEK2 (Figure 10B ), which indicates that utilizing alternative conformations can improve the predictions and thus the structural pathways.
Some of the predicted interactions have been shown experimentally. MEK1 activates ERK1 via phosphorylation. MEK1 residues 33−393, which cover all interacting residues in our model, interact with ERK. 75 Deletion of ERK residues 241−272, which in our model contribute 10 out of the 13 interacting residues, abolishes the interaction. However, this deletion does not affect the ERK−Mnk association, and in our model the interaction is not through this portion of the surface. MP1 is a MEK1 scaffolding protein that regulates cell spreading. In the MEK1−MP1 interaction, binding is through MEK1 residues 220−393, which in our model include all interacting residues (without contribution from MEK1 residues 1−219). 76 No MEK2−MP1 interaction was detected in the two-hybrid system in agreement with our predictions. Kinase suppressor of Ras (KSR) is a scaffolding protein for the Raf− MEK−ERK complex. KSR2 promotes phosphorylation of MEK1, and the crystal structure of this heterodimer was obtained (PDB ID: 2y4i). 77 Since the KEGG database does not include KSR2 in the MAPK pathway, we also did not include this protein in our predictions. However, PRISM could predict the KSR2−MEK1 interaction (data not shown). MEK1− MEK2 interaction determines the strength and duration of the ERK signal 78 and the ERK−RSK interaction is observed in response to various stimuli, like growth factors, polypeptide hormones, neurotransmitters, and chemokines. 79 MEK1 and MEK2 signaling stimulate ribosomal S6 kinase (RSK). 80 Using a structural protein−protein interaction network, we are able to observe which interactions can (or cannot) occur simultaneously. If two proteins interact through different sites of a third protein and there is no spatial clash, the two interactions can occur simultaneously, forming a trimer. For example, a trimer of ERK−MEK1−MEK2 can form, as shown in Figure 11 . The energetically most favorable predictions were 3mblA−2ojgA (PDB codes) for MEK1−ERK and 3e8nA− 1s9iA for MEK1−MEK2. These formed via two different conformations of MEK1, 3mblA and 3e8nA. In the construction of the trimer, we considered one of these MEK1 conformations, 3mblA. The most favorable interaction of 3mblA with a MEK2 was 3mblA−1s9iB (energy: −62.75 kJ/ml, template: 1s9iAB). Since ERK and MEK2 bind through different sites of MEK1 and their residues did not clash, a trimer could be obtained based on MEK1−ERK and MEK1− MEK2 interactions. The trimer structure was modeled by superimposing MEK1 (3mblA) of MEK1−ERK (3mblA− Figure 12 presents the most favorable interacting conformations of ERK, obtained by using alternative conformations. Different conformations of the same protein are given by different structures in the same color. Collectively, these show which conformation of a protein is more favorable to interact with another protein and indicate that the protein switches its conformation while switching its interacting partner, information that is valuable for figuring out pathway regulation.
■ CONCLUSIONS
Identification of PPIs is a first step in the elucidation of the interactome-scale structural network. Toward this aim, a tool that can help in the modeling of the structural pathway can be very useful. Here, we investigated whether different conformations of the query proteins found from the PDB could increase success in PPI identification by a motif, knowledgebased protein−protein interaction prediction tool. Knowledgebased methods can predict successfully an interaction between proteins and its three-dimensional structure, if a physically and biologically meaningful interaction exists in the database. They neither consider the conformational space nor model conformational changes. Flexibility is considered only in the refinement process, which is the last step in the prediction, where side chain and slight backbone reorientation are carried out. In principle, the capability of knowledge-based methods, like PRISM, to consider protein flexibility is limited by the supply of different conformations to the target set. Adding different conformations to the target set and searching interactions among these can be expected to improve the predictions. In this study, we tested such a strategy. Possible conformations of the query proteins were extracted from the PDB and treated as individual structures in the predictions. These structures were guaranteed to belong to the same protein by requiring high percentage (first 100% and then 95%) sequence homology. Different conformations were identified by structural similarity to eliminate redundancy.
Adding sufficiently different conformations of proteins to the target set may allow predicting the interaction of two proteins in any form. However, two factors limit the capability of template-based methods to predict correctly the native interaction: (i) the template set organization and (ii) availability of the "right" conformations of the query proteins. For the first, it is important that the template structures represent the interactions in their corresponding clusters; otherwise, appropriate structural similarity cannot be found between the target and template structures. Second, in particular, a major limitation of the prediction success is the coverage of the PDB. If the appropriate conformation exists in the PDB, it can be found and the interaction can be predicted successfully; in its absence the prediction will fail. The exponentially increasing numbers of structures in the PDB promises a high likelihood of finding the "right" conformations of the query proteins. More successful predictions will be obtained as the PDB covers more structures. Even with these limitations, knowledge-based approaches offer successful predictions. A large scale, systematic study 40 indicates that knowledge-based approaches are more reliable than blind docking strategies. Appropriate templates can be extracted to model nearly all complexes of structurally characterized proteins, although there are currently a limited number of protein−protein complexes in the PDB.
In the specific example here with PRISM, successful prediction was achieved for almost all the easy cases (87 out of 88) of the docking benchmark data set, 59 and considering other conformations in the PDB, difficult cases of this data set were predicted with 66.7% success rate. A success rate 57.1% was obtained in unbiased predictions. Previous studies predicted interactions in signaling pathways (76 and 78% accuracies in the ubiquitination 55 and apoptosis 56 pathways, respectively) and constructed structural networks. 57 Here, we modeled the structural network of ERK, first on the basis of one conformation of each protein; then considering alternative conformations in the PDB, an improved structural network was obtained. Given the limited number of architectural motifs in single chain proteins and as we have shown earlier in protein− protein interfaces, 43,81−83 and the difficulties facing large-scale applications of blind docking methods, knowledge-based approaches are a reasonable venue for proteome-scale cellular network constructions. Fast incorporation of experiment-based flexibility into these is advantageous. While vastly incomplete, and with limited sampling, it is a reasonable and reliable strategy to adopt.
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